Due to the birth of the age of Big Data and the development of Internet finance, electronic banking has been booming. With the application of descriptive statistics, KMV model, panel data regression and robustness testing, this paper examines the validity of KMV model as a measurement of the credit risk of financial institutions, and reveals the impact of electronic banking on the credit risk of commercial banks. The findings are as follows: First, the default distance based on the KMV model can well reflect the credit risk of banks; Second, the growing electronic banking may increase the credit risk, considering the lack of governmental and industrial regulation; At last, the credit risk of banks under different systems have their unique characteristics, so that a clearly defined division of responsibilities for risk control and supervision is needed.
Introduction
In recent years, Internet finance has been growing rapidly, and electronic banking has taken a larger share of banking services in commercial banks. In 2014, the users of electronic banking in China amount to 300 million, out of 600 million netizens. Compared with traditional banking, this new form of banking, which is free of the need for counters, not only increases market risks, but also has a great impact on the risk measurement of commercial banks.
The measurement and management of credit risk is one of the most important re-search directions in the financial industry. Meanwhile, credit risk is the major risk commercial banks confront, accounting for 60% of the overall risk. Narrowly speaking, credit risk refers to the risk of debtors failing to make required payments. In 2014, the balance and the ratio of non-performing assets increased dramatically, reaching 30% and 1% -2% respectively. By the end of 2014, the non-performing loans of commercial banks added up to 842.6 billion yuan, with an increasing number of 250.5 billion yuan in 2014, compared with 99.2 billion yuan in 2013. Elevated pressure has been put on the adequacy of bank capital due to the surge of non-performing debt and the decline of asset quality.
As a developing country, the credit standing of all levels in China still needs to be improved. Under such environment, it is significant to adopt proper measurement and management of credit risk, so as to manage the capital effectively, preventing the negative influence of the growing Internet finance.
Literature Review
According to previous studies, the modern measuring models for credit risk underwent 
Both Credit Metrics model and Credit Portfolio View model rely on credit rating
migration matrix, while a thorough credit rating system and long-term practice are required to establish the matrix, which is impractical for China in the short run. Therefore, KMV model is more applicable considering data acquisition and credit rating development.
From the perspective of model applicability, KMV model was first used in IBM and succeeded in predicting its rising default rate before credit deterioration. Subsequently, many western scholars, including J. A. McQuown [1] , Jorge R. Sobehart, Sean C. Keenan and Roger M. Stein [2] , Kurbat and Korbalev [3] and Korablev and Dwyer [4] have used the data in Asia, Europe and North America to verify the applicability of KMV model in the global financial market. The intermediate output of KMV model, i.e. default distance (DD), default distance produced by KMV model can well explain the credit situation in the above regions. Considering the practice in China, Zhang et al. [5] select fifteen listed companies in 2000 and make use of the default distance to monitor the credit risk of listed companies. The result supported his assumption that KMV is workable to credit risk measurement for companies in Chinese mainland. Later, Ruo-wei Ma [6] , Ze-jing Chen et al. [7] , Yeh, et al. [8] adopt cases of listed companies to validate the feasibility of KMV model for evaluating companies with different ownership structures, in different industries or with different levels of credit, proving that KMV model is applicable in China.
In China, however, KMV model is mainly used in non-financial institutions. Rarely do researchers apply it to evaluate the credit risk of financial institutions, e.g. commercial banks. The majority of researchers, e.g. Wei, L. U., et al. [9] , Lirui Yan [10] , Yurong Lu and Zijuan Chen [11] , select non-financial institutions and compare the default distance derived from the KMV model between ST companies and non-ST companies, verifying the interpretability of KMV model to implicate the credit risk of listed companies. Further inference is drawn that the credit risk of a financial institution will increase if it cooperates with a company whose default distance is relatively short. It can be found that, the studies mentioned above do not directly research into the impact of the intermediate value in the KMV model on the credit risk of commercial banks and are, as a matter of fact, still limited to the risk assessment of non-financial institutions.
A few researchers, e.g. Feixue Huang [12] , choose commercial banks as samples, and compare the default distance obtained from the KMV model with the credit rating of commercial banks, directly verifying that KMV model can assess credit risks. Nevertheless, it has to be pointed out that credit rating cannot completely reflect credit risks and other factors should also be taken into account. Moreover, the credit rating in China is updated once a year, so that the credit risk represented by the rating may have changed when samples are selected. Based on these factors, there have not been reliable researches on the ability of the intermediate value in KMV model to present the credit risk of commercial banks.
With overall consideration, this paper applies KMV model to investigating the credit risk of listed banks. First of all, the intermediate value derived from the KMV model is substituted into the equation, directly verifying the interpretability of default distance to implicate the credit risk of commercial banks. Then, this paper examines the relationship between the development of electronic banking and the credit risk of banks through an empirical study, and proposes corresponding suggestions for the monitoring system of credit risk, as well as providing references for the department of financial regulations to prevent Internet financial risks and formulate efficient regulations.
Acquisitions of Intermediate Value, Model Construction and Data Selection

Default Distance in KMV Model
First, the value of the asset and its volatility are estimated. According to the option pricing model, the relationship of the value of asset and the value of equity of a company can be presented by the following function:
In Equation (3. 
In Equation (3.1.2), V E represents the value of equity, σ E represents the volatility of the value of equity. Equation (3.1.1) and Equation (3.1.2) can be combined to constitute non-linear equations with unknown parameters, which can be solved iteratively by
Newton-Raphson method.
Then, default distance (DD), the distance from the expectation of the value of asset to the default point (DPT), can be calculated. Under the assumption that the value of asset obeys normal distribution, the DD in the KMV model can be shown in the following expression:
As Equation (3.1.3) shows, E(V A ) represents the expected value of asset of a company. σ A represents the expected growth rate of the value of asset.
In Equation (3.1.3), the parameters have been determined, while DPT remains unknown. Based on a comprehensive analysis of historical data of default by using KMV model, default point, where default occurs most frequently, is greater than or equal to short-term debt plus 50% of long-term debt, i.e.:
In Equation (3.1.4), STD refers to short-term debt and LTD refers to long-term debt.
Default distance can be used as a standardized indicator to measure credit risk: the shorter the default distance, the less likely that the company can repay its debt, which indicates a higher risk of default, namely a higher credit risk; on the contrary, the longer the default distance, the more likely that the company can repay its debt, indicating a lower risk of default, namely a lower credit risk.
Considering the purpose of the paper, DD should be calculated for further researches, while the expected default rate (EDF) is not needed in this paper.
The Construction of Econometric Models
Based on the analysis above, this section undertakes a comprehensive analysis, taking seven other influential factors for the rating of credit risks into account. The default distance, which can be obtained from the previous section, is determined as the explained variable. Electronic Banking Transactions (EBT) of commercial banks is determined as a core variable, with non-performing loan ratio (NPR), return on assets (ROA), asset-liability ratio (LEV), loan-deposit ratio (LDR), the stock holding ratio of major shareholders (TOP1) and capital adequacy ratio (CAR) as explanatory variables.
To examine the impact of these factors on default distance, this section makes eco-nometric analysis with the application of panal data. The model is as follows:
In Equation (3.2.1), i denotes individual banks, t denotes year. In the fixed-effect (FE) panal data model, c is fixed parameter; in the random-effect panal data model, c is random coefficient, is residual; in the mixed-effect (ME) panal data model, c is fixed parameter, is residual. This paper applies F-test, LR test and Hausman test to determining the model adopted.
Data Selection and Description
When calculating the default distance, we obtain the data of 16 banks listed at Shanghai 1) According to the previous section, some banks should be eliminated when the time to market is relatively late or information about stock price is incomplete;
2) Considering the development of electronic banking of listed banks, the banks introducing electronic banking relatively late or providing a small scale of electronic banking services should also be excluded from the data;
3) On the basis of the annual report of listed banks, some banks which do not pro- 
Empirical Results and Analysis
Descriptive Analysis
The default distance of different types of commercial banks is calculated and a descriptive analysis is made on the major variables of the model, shown in Table 1 and Table   2 respectively. According to Table 1 and Table 2 , the findings are as follows. We believe that it was due to the accelerated development of shadow banking in the regular banks. On the one hand, short-term deposits are packaged into long-term loans.
On 
Regression Analysis
Since the data adopted are annual data from 2008 to 2014, unit root tests, including
TheiCommom root, Levin, lin & chu, Individual root, Im, Pesaran and Shin W-stat, Individual root, ADF-Fisher Chi-square and Individual root-PP-Fisher, are conducted before regression analysis to ensure stationarity. The test results are shown in Table 3 .
As shown in Table 5 . A panal data regression is conducted based on Equation (3.2.1) and the fixed-effects panal data model. The results of the regression are shown in Table 6 .
According to Table 6 , the relationship of default distance and other influential factors can be concluded as follows:
1) The default distance of a commercial bank has significant negative correlation with its electronic banking transaction. As a result, with the development of electronic banking and the increase of electronic banking transaction, the default distance decreases and the credit risk increases. This may be due to the lack of supervision on electronic banking that banks cannot manage the credit risks as they do in traditional banking, causing higher credit risk.
2) The default distance of a commercial bank has significant negative correlation with its non-performing debt ratio, indicating that the commercial bank with a higher non-performing debt ratio has shorter default distance, i.e. higher credit risk.
3) The default distance of a commercial bank has significant positive correlation with its capital adequacy ratio, indicating that the commercial bank with a lower capital adequacy ratio has longer default distance, i.e. lower credit risk.
Robust Test
At last, the robutness of the empirical results is tested by variable substitution method,
i.e., using electronic banking account numbers (EBN) as a substitute for the explanatory The results of unit root test based on Equation (4.2.1) are shown in Table 7 . Table 7 shows that the unit root of EBN is significant at the 1% level in at least one of the tests and the series is stationary.
The results of F-test, LR test and Hausman test based on Equation (4.2.1) are shown in Table 8 and Table 9 .
According to the test results in Table 8 and Table 9 , Fixed-effect panal data model should be constructed.
A fixed-effects' panal data regression has been conducted based on Equation (4.2.1)
to test the robustness of default distance.
Comparing Table 6 with Table 10 , both EBT and its substitute variable EBN, have significant negative correlation with default distance (DD). This result indicates that with the development of electronic banking and the increase of electronic banking transaction, the default distance decreases and the credit risk increases correspondingly.
In can be attributed to the increase of customers of electronic banking which makes it harder to manage customers and identify the customers with high credit risks.
In Table 6 , the default distance of a commercial bank has significant negative correlation with its non-performing debt ratio. The results in Table 10 are in good agreement with Table 6 , shows significant negative correlation between NPR and DD.
In Table 6 , the default distance of a commercial bank has significant positive correlation with its capital adequacy ratio and the results in Table 10 show a good agreement. In summary, the model is robust. Moreover, the scale of electronic banking transactions is positively related to the bank's credit risk and the result is significant under both conditions when we employ EBT or EBN as a variable in the model.
Conclusions
According to the previous analysis, the paper utilizes the KMV model to work out De- 
Suggestions
Based on the discussion above, the three conclusions will give us some guide for credit risk measuring practice in real world.
First, technically speaking, the paper shows that the default distance based on the KMV model can well reflect the credit risk of banks. For both financial and non-financial institutes, the result provided by KMV model is reliable. Furthermore, when compared with other risk assessment models, KMV model is more precise and the data this model uses is more available. We believe that KMV model will play an important role in the theory and practice of the credit risk measurement of China's commercial banks in the near future. However, due to the fact that KMV model is based on the stock price, the credit risk of non-listed companies cannot be calculated by this model, which to a large extent weakens the practical value of KMV model. In the recent decades, researchers have improved KMV model and modified it in order to widen its scope of application.
There are several directions of improvements. However, the reliability of none of them has been testified. Only through joint efforts from both banks and government will the financial market enjoy a stable, safe and rapid future development.
